Abstract-A multivariate sensor is described for intelligent polymer processing that incorporates a piezoelectric ring to acquire melt pressure as well as a thermopile to acquire melt temperature and mold temperature. The mechatronic system analyzes the process states according to mechanistic relations to estimate the melt velocity and melt viscosity. Validation experiments are implemented to characterize the sensor's performance against an array of commercial sensors. Models of product quality with the described sensor far outperform those based on data from commercial sensors. While system identification of the transient thermopile voltage indicates an underdamped response that limited the model fidelity, the existing capability suggests a new standard for mold design that incorporates multivariate sensors into the runner system to provide a consistent set of physical states for process tuning irrespective of molding machine manufacturer and model.
I. INTRODUCTION

I
NTELLIGENT manufacturing (IM) is characterized by advanced production technologies that automatically adapt to changing environments and varying requirements, with the capability to manufacture a variety of products with little assistance from operators. Mechatronics plays a vital role in this rapidly advancing field with synergistic integration of precision mechanical engineering with advanced sensing, control and computer theories, and technologies in the design of more IM processes and equipment [1] . Advancements in sensing have continually expanded the contribution of mechatronics to IM, enabling functionalities that were not feasible before in terms of in situ state monitoring and process control [2] . New sensor technologies not only acquire higher resolution data at faster rates, but can also provide local computing resources for autonomously analyzing the acquired data for intelligent decision support.
Prior mechatronics research motivates the present study. Luo [3] reviewed the role of sensors in the field of mechatronics including the potential for microsensors and multisensor fusion. Tian et al. [4] describe the development of an intelligent sensor having compute capabilities to provide self-calibration, self-compensation, self-validation, on-board diagnostics, and high level communication. Such sensors can be integrated with model-based control algorithms for process or quality control. One such example was described by Wu et al. [5] , wherein a finite impulse response filter was integrated with sliding mode control to provide robust performance for nonrepetitive motions at high acceleration (of 73.7 m/s 2 ); Yong et al. [6] recently used a similar approach for a high-speed nanopositioner. Sheng et al. [7] described a method to optimize sensor placement to maximize signal-to-noise ratio for defect detection in rotating machine components such as rolling bearings while also considering the need for networking multiple sensory nodes in complex machines with energy-efficient on-board computation and communication [8] . At the systems level, Thramboulis [9] proposed a model-integrated mechatronics paradigm for the development of manufacturing systems, such that mechatronic designers can compose system models from prior subsystem models of existing components.
The present study is motivated by several persistent manufacturing issues in high volume production: 1) Quality assurance in polymer processing is impeded by viscoelastic stress relaxation in the molded product, which often causes multiday delays in acquiring accurate metrology data. 2) Process optimization is limited by the lack of applicationspecific models to direct process improvements. 3) Production often occurs on several continents using a variety of manufacturing equipment and processing philosophies. To better correlate process parameters with the quality of injection molded polymer products, the concept of multivariate sensing (MVS) was proposed [10] . As indicated in Fig. 1 , the intent is to provide vital data regarding the in situ process states. For a production application, models are developed that relate the machine settings, X, to the process states, Y, and subsequently to a product's critical-to-quality (CTQ) attributes, Z. The quality controller can then use the model, Z =f (Y), and real-time process state data, Y, for automatic quality assurance, with the process controller adjusting the machine settings, X =f −1 (Y), to maintain an optimal process. This architecture has been previously described [11] , but its efficacy remains limited by the lack of state observability. It is our intent to support Fig. 1 . Intelligent polymer processing paradigm in which instrumented molds act as intelligent agents to achieve CTQ attributes by ensuring consistent process states through specification of machine parameters. Fig. 2 . Design of multivariate sensor (MVS, left) and mold cavity for flexure specimen production with instrumentation (right). The MVS provides five critical process states known to influence the molded product quality.
the implementation of a new mold instrumentation and process control standard in which a multivariate sensor (MVS) is placed at the inlet of the mold to assure consistent melt delivery irrespective of molding machine.
II. DESIGN ANALYSIS
A. Intent
The MVS design is intended for use as a single in-mold sensor to provide feedback of all critical process states. As shown at left in Fig. 2 , the MVS includes a piezoelectric (PZT) ring for sensing melt pressure as well as a thermopile for sensing melt temperature and mold temperature. The MVS is also designed to include on-board analog to digital conversion and logic to perform real-time analysis of these process states to estimate the velocity and viscosity of the polymer melt. The sensor is thus designed to provide a suite of orthogonal process states, Y, and on-board logic to resolve the dependence chain between the machine settings, X, and the quality attributes, Z Such use of a wireless multivariate sensor to effectively measure multiple process parameters online, in a manufacturing environment where RF shielding has historically presented a challenge to structure-embedded sensing, but has been demonstrated [23] .
B. Pressure Sensing
The melt pressure is sensed by acquisition of charge accumulated through the PZT effect. The imposed stress on the PZT ring arises from compressive forces applied by the polymer melt to the zinc selenide lens. For a melt pressure, P, impinging on the lens with radius, R = 1.5 mm, the output voltage, V, is
where g 33 is the voltage constant, H is the ring thickness of 0.5 mm, ID is the ring inner diameter of 4 mm, and OD is the ring outer diameter of 8 mm. For the design shown in Fig. 2 with a voltage constant of 25.5·10 −3 Vm/N for type 841 PZT from APC International (Mackeyville, PA), the voltage responsivity will be 2.39 V per 1 MPa of melt pressure. The thickness, OD and ID of the ring are critical aspects of the sensor design, as varying any of these would change the voltage response of the PZT sensor according to (1) .
C. Melt Temperature Sensing
The MVS includes an HMSZ11-F5.5 thermopile from Heimann Sensor (Dresden, Germany) comprising a CMOS infrared detector having a diameter of 1.8 mm. The thermopile operates by measuring the incidence of radiation from the heated polymer melt. The thermal radiation, Q, is related to the fourth power of the temperature, T, the constant of proportionality, σ (the Stefan-Boltzmann constant equal to 5.67·10 -8 Wm
, and the emissivity, ε, of the object according to the equation Q = εσT 4 . The thermopile's output voltage, V, is also dependent on the reference temperature, T R , provided by an integrated thermistor
where k is the gain related to the infrared detector, and n is dependent on the filter and sensor characteristics (n equals 4 for a perfect "black" characteristic and unlimited wavelength range). For the thermopile with a sensing area of 0.61 mm 2 and the zinc selenide lens of a transmittance of 0.8, an output voltage of 0.0186 V is anticipated for a melt temperature of 200°C and a mold temperature of 20°C.
D. Mold Temperature Sensing
The thermopile contains a thermistor to assess the reference temperature of the CMOS infrared detector, which must be known to compute the net radiative heat transfer to the thermopile. The 100-kΩ thermistor resistance is supplied from the manufacturer as a function of temperature to within 0.2% absolute error. A voltage divider circuit was designed to convert the thermistor's output resistance to a voltage using an operational amplifier as shown in the following circuit. The value of the reference resistor (10 kΩ) was found to not only scale the output voltage to a desired range, but also linearize the thermistor output within the mold coolant temperatures of interest, from 25 to 100°C, resulting in a coefficient of determination, R 2 , equal to 0.992 between the thermistor temperature and output voltage [12] . The mold temperature measurement can be useful Fig. 3 . Schematic illustration of the polymer melt flowing over the lens. As the polymer melt covers the window, the increased projected area causes the apparent temperature to rise in proportion to the melt velocity.
in determining the variation in the steel temperature as plastic fills the cavity, as well as evaluating the effectiveness of the cooling circuits.
E. Melt Velocity Estimation
As the polymer melt passes over the sensor lens, irradiation is transmitted to the sensor's thermopile. Fig. 3 depicts the polymer melt traversing across the lens. As shown, the amount of the lens exposed to the polymer melt varies as the polymer melt fills the mold cavity. If we assume that the polymer has a uniform temperature as it flows past the sensor, then the transmitted power to the thermopile will be proportional to the melt contact area, A
where R is the lens radius, θ is the fully included angle of the circular segment corresponding to the polymer melt position,
, such that θ is equal to 2acos(x/R). The analysis assumes the flow front of the polymer melt is straight with respect to the direction of flow, a valid assumption given the small lens radius relative to the cavity width of Fig. 2 . The velocity is best estimated when the polymer melt is passing over the center of the lens, which corresponds to the maximum derivative of the area with respect to time and so should provide the greatest signal-to-noise ratio. At this moment, the velocity can be derived as
F. Melt Viscosity Estimation
The polymer's shear viscosity is a critical indicator of the polymer morphology as well as a determinant of the residual stress distribution and resulting product quality [13] . As the polymer melt flows past the sensor, the sensed melt pressure will increase in proportion to the flow distance. Since the velocity, v, is the time derivative of the melt position with respect to time, application of the chain rule to the Hele-Shah equation for viscous flow [14] provides an estimate of the apparent melt viscosity, μ where H is the known cavity thickness measured from the top of the sensor lens to the opposing mold wall. The pressure derivative can be calculated by the embedded controller as the polymer melt crosses the sensor location.
III. EXPERIMENTATION
An ASTM test mold with an instrumented flex bar cavity was used for this study, as shown at right in Fig. 2 . The cavity contains a PZT pressure transducer (Priamus 6001A, Schaffhausen, Switzerland) near the gate. At the end of the cavity there is an exposed type-N thermocouple (Primaus 4001A) as well as an infrared melt pyrometer (Omega OS1562, Stamford, CT). The MVS was installed at the center of the cavity. This mold was installed on a fully electric injection molding machine (Sumitomo SE75DUZ). Four machine signals, including injection pressure, screw position, linear screw velocity, and screw rotational speed (RPM), as well as data from the commercial sensors were acquired via a Priamus eDAQ 8102A at 500 Hz. Data from the MVS were acquired by a National Instruments X6351 at a rate of 10 kHz.
A 12-run-blocked half-fractional design of experiments (DOE), a design of 3 × 2 3−1 as shown in Table I , was implemented to investigate the effects of melt temperature, mold temperature, packing pressure, and injection velocity. The polymer resin was high impact polystyrene (HIPS, Dow Styron 478). During experimentation, time was allowed for the machine to reach the set points for the melt and mold temperature. The injection molding machine was then operated for 15 min before collecting samples to ensure the process reached steady state. Twenty samples were then collected for each run.
IV. RESULTS
A. Transient Characterization
The transient behaviors of the melt pressure, melt temperature, and mold temperature are plotted in Fig. 4 for the described MVS and commercial sensors installed in the mold cavity. This data correspond to run 10 of the DOE, with an in-mold melt velocity of 100 mm/s. The polymer melt reaches the commercial pressure sensor at 2 s, after which the melt pressure rises to ∼8 MPa. Shortly thereafter, the polymer melt reaches the MVS Fig. 4 . Transient process states sensed by the described multivariate (bold) and commercial sensors for melt pressure at top, melt temperature at middle, and mold temperature at bottom. Sensors are at different locations and of differing designs, so identical behaviors are not expected. and its pressure signal rises. The melt pressures reach a peak pressure related to the specified pack pressure, P pack , specified in Table I . There are significant pressure drops between the machine (set to 50 MPa), the commercial pressure sensor (33 MPa), and the MVS (8 MPa). As the polymer melt solidifies in the feed system and cavity, the polymer becomes more viscous, the molded part shrinks volumetrically, and the melt pressure decays accordingly.
The melt temperatures shown in the middle plot of Fig. 4 indicate the arrival of the polymer melt ahead of the commercial pyrometer, as would be consistent with direction of the melt velocity shown at right in Fig. 2 . The responses of the commercial pyrometer and MVS are quite different, not so much due to their location, but rather due to their design and operation. Specifically, the commercial pyrometer measures the intensity at a single wavelength and so has a minimum temperature of 80°C, causing the signal to rise suddenly at 2.5 s and then drop suddenly at 8 s. By comparison, the MVS measures the radiation across a broad infrared spectrum and so provides improved sensitivity and a broader temperature range. The MVS's rising melt temperature curvature is consistent with (2) while the decay is consistent with the bulk temperature of the polymer being cooled [15] . The local maximum and rapid decay at 3 s are subsequently analyzed.
The mold temperature signals have a diminished response than the melt pressure and temperature signals since the commercial thermocouple and MVS' thermistor are surrounded by a relatively massive steel mold. It is noted that the MVS' thermistor, contained within the thermopile shown at left in Fig. 2 , reached a similar temperature as the commercial thermocouple. Moreover, both signals decay to very close to the mold coolant temperature by the cycle end.
The transient behavior of the MVS' melt temperature is of particular interest for the estimation of melt velocity according to (3) and (4) . Since the mold and melt temperatures vary across the experimental runs as indicated in Table I , the dimensionless temperature is plotted in Fig. 5 for the 240 runs with varying melt velocities, wherein the values of 0 and 1 correspond to the observed minimum and maximum melt temperatures observed by the MVS during each molding cycle. The reference value of 0.5 theoretically corresponds to the moment at which the melt is halfway across the MVS, and so has been used as a reference time to compare the signals.
As indicated in Table I , the DOE investigated melt velocities of 100, 400, and 1000 mm/s; their corresponding theoretical temperature ramp rates are also plotted in Fig. 5 . It is observed that there appears to be two groups of melt temperature signals: one broad group that corresponds to the slower melt velocity of 100 mm/s, and another group with a greater ramp rate that corresponds to higher injection velocities. The MVS does not appear capable of differentiation the faster two injection velocities.
B. Statistical Characterization
The MVS behavior across 240 molding cycles (12 DOE runs × 20 cycles/run) is statistically compared to that of the commercial sensors in Fig. 6 . The MVS and commercial sensors are located at different locations and so a 1:1 correlation is not expected; colocation was not an option since commercial multivariate sensors do not exist to capture the same states. As such, the MVS is located halfway between three different commercial sensors that together acquire melt pressure, melt temperature, and mold temperature. Statistical analysis is performed to provide insights into the MVS performance relative to the commercial sensors.
The correlation of the peak melt pressures (refer top of Fig. 4 ) are plotted in the top-left graph of Fig. 6 , and provide an R 2 of 0.892. The correlation is generally linear, albeit with some significant scatter. Examination of the data indicates that there are clusters varying from the regression line. Each of these clusters corresponds to a different run in the DOE, such that the peak pressure of the MVS, which is located down the cavity from the commercial sensor, varies as a function of melt temperature, mold temperature, and injection velocity.
The correlation of the peak melt temperatures (refer middle of Fig. 4 ) is plotted in the top-right graph of Fig. 6 . Two clusters of data are observed that correspond to the two melt temperatures specified in the DOE as 190 and 220°C, respectively. While there is a general correlation between the MVS and commercial infrared pyrometer, it is observed that each cluster of data also has a different slope. The reason is that the polymer melt is being injected at different velocities into a mold at different temperatures; internal shear heating and transient heat loss will thus vary the melt temperature between the location of the MVS and commercial sensor.
The MVS uses mechanistic modeling, as shown in (3) and (4), to estimate the melt velocity from the transient melt temperature. While the true velocity of the melt as it passes over the MVS is unknown, the melt velocity, v, can be well estimated by measuring the time, t, required for the melt to travel the distance, x, from the upstream commercial pressure sensor to the MVS, and then calculating v = Δx/Δt. The correlation is shown at bottom left in Fig. 6 . It is observed that the MVS provides a good correlation at the lower two injection velocities. At the upper injection velocity, corresponding to an in-mold melt velocity of 1000 mm/s, the thermopile's response time is slow to capture the transient temperature rise, as clearly evident by the lack of MVS temperatures ramping at the theoretical rate for The melt viscosity of the polymer crossing the MVS is calculated according to (5) from the pressure ramp rate and estimated velocity. The estimated viscosity for the MVS is plotted against the apparent shear viscosity at bottom right in Fig. 6 , and the apparent shear viscosity is calculated according to the rheological characterization of the polymer melt at the apparent shear rate for each molding cycle. The MVS generally correlates with the apparent viscosity, but there is significant scatter that is primarily associated with lag in the melt temperature sensing.
V. VARIANCE ANALYSIS
A. Melt Temperature
There are some significant differences in the behavior of the melt temperatures sensed by the MVS and infrared pyrometer, as can be observed in the middle plot of Fig. 4 . The MVS' thermopile consistently predicted a higher temperature than the commercial pyrometer during the mold cavity filling, followed by a sudden decrease and then a slower decay. To investigate this behavior, a fully 3-D numerical simulation (Moldflow Plastics Insight, Autodesk Inc., San Rafael, CA) implementing the Navier-Stokes equations was performed for each of the DOE runs. The simulation [16] was run to determine the effect of the nonuniform melt temperature and improve the velocity estimation. The 3-D simulation models the nonuniform melt temperature distribution due to internal heat generation from viscous dissipation, the conductive heat lost to the cooler mold, and the curved shape of the advancing melt front through the thickness. The mesh of the mold included 3 974 728 tetrahedral elements, of which 345 120 elements were used to model the mold cavity. The predicted melt temperature distribution of the polymer melt flowing across the lens is plotted as a function of thickness in Fig. 7 . A ray tracing algorithm was implemented to predict the thermopile signal with the simulated melt temperatures. In this algorithm, a parabola was fit to the simulated melt front at each time step to reduce discretization errors. Then, radiation vectors were projected from the parabolic melt front toward the MVS lens; radiation vectors extending beyond the lens radius of 1.5 mm were excluded from further analysis. The radiative power of each of ray was calculated based on the temperature of the emitting layer and the sine of its angle of incidence. For the portion of the lens having direct contact with the polymer melt, the radiation was modeled including attenuation within the polymer melt through the thickness, z, with an attenuation coefficient, α, of 0.876/cm for HIPS
The voltage signal predicted using the melt temperatures from the process simulation are compared with the actual thermopile output voltage in Fig. 8 . The predicted voltage climbs quickly as the melt passes over the lens to a peak of nearly 1.5 V. There is a subsequent small voltage drop once the lens is fully covered with the formation of the initial solidified layer. The curve then follows an exponential decline with the cooling of the bulk polymer melt. The thermopile behavior differs, with a significant voltage spike followed by a slow decay. Observing this behavior and reflecting on the thermopile specifications, the thermopile is likely exhibiting asymmetric lag. While the thermopile specification indicates a response time of "less than 6 ms," thermopiles may be slow to conduct and so have slow response times for cooling [17] .
To characterize the thermopile response, system identification was used to relate the predicted and observed thermopile response. An underdamped, third order continuous time transfer function having the form was fit where the fit coefficients are K = 0.813, damping coefficient ζ = 0.334, and the two time constants t w and t p , equal to 0.129 and 13.5, respectively. The resulting fit is plotted in Fig. 8 , and provides an excellent model of the observed thermopile response. While the static gain, K, of 0.813 is not problematic, the other model coefficients are troubling. The low damping coefficient, ζ, explains the initial overshoot in the thermopile voltage. The time constant, t w , explains the slow initial response of the thermopile while the time constant, t p , explains the long apparent temperature decay. These results suggest that a photodiode, such as InGaAs used in some melt temperature pyrometers, may provide a better initial response for velocity estimation although their lower wavelength range limits their responsivity at lower melt temperatures.
B. Melt Viscosity
The estimated melt viscosity also exhibited significant variances from the expected apparent melt viscosity. Fig. 9 plots the melt viscosity predicted by the simulation for run 10 as the melt is flowing over the lens. As previously mentioned, the velocity estimation assumes a uniform melt temperature across the cavity, which does not accurately portray the true behavior of the melt inside of the mold. The higher viscosity at the side walls corresponds to the development of the frozen layer as the hot polymer melt lays down on the cold mold. Adjacent to the solidified layer, there is a shear thinning region with the lowest viscosity. The centerline of the cross section has very low shear rates and more moderate viscosity values. For this DOE run, the MVS measured a pressure slope of 7.4 MPa/s and estimated a melt velocity of 124 mm/s. Application of (6) results in an apparent melt viscosity from the MVS equal to 398 Pa · s, which is a useful estimate of the bulk viscosity that would otherwise be unobservable. 
VI. QUALITY MODEL FIDELITY
The primary value of in situ instrumentation is for process and quality control. Accordingly, four quality control models were developed relating different processing variables to the thickness of the manufactured components. Thickness was chosen as the quality indicator in this study since it is closely correlated to other product attributes (length, weight, and strength), while also more sensitive to process variations. Multiple regression was applied to predict the part thickness as a function of the machine settings specified in Table I . The resulting predictions are plotted at top left in Fig. 10 , and had an R 2 of 0.95, which indicates high correlation. It is observed that while the machine settings provide for gross prediction of the thickness, there is no finer resolution since cycle-specific process data are not available.
The thickness predictions using just the MVS data are provided at bottom left of Fig. 10 , and indicate that using the MVS alone can predict 88% of the observed thickness behavior, which is much greater than the predictive capability of the model using the commercial sensors data as plotted at bottom right of Fig. 10 (for melt pressure, melt temperature, and mold temperature) providing an R 2 of only 0.32. The superior performance of the MVS demonstrates the added value of including the melt velocity and viscosity in quality predictions. These states are not directly observable, but add critical information that are orthogonal (not redundant) with the pressure and temperature states. The MVS predictive capability would be further improved with a faster thermopile response and better melt velocity and viscosity estimations.
The model fit incorporating both the machine settings and MVS data yields an R 2 of 0.97, as compared to the 0.95 provided by the machine settings alone. This result suggests that there is a high degree of correlation between the MVS sensor states and the machine settings. This correlation is also observed by inspection of the fit model coefficients listed in Table II in which the coefficient units are mm of the thickness response per 100% of the determinant range. Specifically, the most significant parameters are barrel temperature and pack pressure, for which the machine settings model reported changes of 0.014 and 0.018 mm across their respective ranges. Generally, the value of the coefficients comports with our process understanding.
To the extent that the MVS provides information redundant to the machine settings, such redundancy is highly valuable. The reason is that machine and control system designs vary with equipment manufacturer, with subsequent alterations implemented by the manufacturer (e.g., heater changes, controller tuning, etc.). As a result, the same machine settings, X, specified on different machines are unlikely to provide the same process states, Y, in the mold cavity. As such, the MVS can provide the reference data and logic needed to predict the product quality attributes, Z, irrespective of the machine type or location. With application-specific characterization and on-board logic, the MVS can also serve as an intelligent feedback mechanism to continually adjust the machine settings to optimize the product quality.
VII. CONCLUSION
An MVS is described that acquires melt pressure, melt temperature, and mold temperature. The sensor itself is a mechatronic system with its own signal conditioning, analog-to-digital conversion, and logic to estimate melt velocity and melt viscosity. The design intent is to incorporate these critical states into a quality controller that travels with the mold in which it is housed. These "smart" molds can then be installed on machines of varying design to monitor, diagnose, and optimize processes to ensure product quality regardless of geographic location.
Strategic sensor location is an important factor to consider when designing injection molds. Ideally, multivariate sensors would be placed at multiple locations in a mold for different purposes. First, a MVS could be placed at the entrance of the mold to monitor the consistency of the melt and guide in process tuning irrespective of the molding machine. Second, one or more multivariate sensors can be placed in the mold cavity for critical applications requiring tight tolerances. In these instances, the MVS can be used for feedback control of the melt pressure [18] , melt temperature [19] , and process timings [20] .
The MVS can also estimate the quality attributes such as part thickness, strength, and others though high fidelity models for quality control would have to be developed and validated on a case-by-case basis since polymeric material and application requirements are extremely diverse.
The presented results indicate that the MVS installed at a single location already outperforms an array of commercial sensors with respect to product quality prediction. We believe that the MVS should also outperform upstream machine data since the MVS is located right within the mold cavity where the product is formed. It is evident that advances in mechatronics will soon support the incorporation of high speed, high resolution imaging with real-time process analysis to not only more accurately measure melt temperature, melt pressure, melt velocity, and melt viscosity but also to molded part color/contaminants, solidification, and in-mold shrinkage, thereby realizing intelligent plastic molding. Such model-based mechatronic designs [9] , [21] will enable automated process optimization, quality assurance, and defect diagnosis for intelligent manufacturing. It is interesting to contemplate the possibility of direct integration of such intelligent sensors through laser-powered direct metallic rapid tooling as suggested by Luo and Pan [22] . He is a Project Engineer at Nypro Healthcare, Anaheim, CA, USA. The focus of his research has been the development and validation of the multivariate sensor described in this article. He has authored several conference papers published with the Society of Plastics Engineers Annual Technical Conference. His research interests include product and process design, manufacturing, and optimization. His research interests include process simulation, mold design, injection molding, and process monitoring.
